A Simulation-optimization Approach to Design Efficient Systems of Bike-sharing  by Romero, Juan P. et al.
 Procedia - Social and Behavioral Sciences  54 ( 2012 )  646 – 655 
1877-0428 © 2012 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of the Program Committee 
doi: 10.1016/j.sbspro.2012.09.782 
 
EWGT 2012 
15th meeting of the EURO Working Group on Transportation 
A simulation-optimization approach to design efficient systems of 
bike-sharing 
Juan P. Romero, Angel Ibeas, Jose L. Moura*, Juan Benavente, Borja Alonso 
G.I.S.T. – Group of Research in Transport Systems. University of Cantabria, Avenida Los Castros s/n, Santander 39005, Spain 
 
Abstract 
This article presents a methodology to simultaneously modelize private car and public bicycle transport modes, considering 
their interactions through the modeling of the modal split and the assignment of each mode’s trips to the network. Then the 
model is used to optimize the location of docking stations in a public sharing bicycle system, to achieve a transport system as 
efficient and sustainable as economically and socially possible. To model the car-bike system, it was necessary to perform a 
user behavior analysis, emphasizing the characterization of the potential bicycle user. Our objectives were: to discern which 
variables does the user take into account to choose, in an urban environment, between public bicycle and car; and to modelize 
bicycle users’ route choice. The proposed methodology is divided into three parts. In the first one, a transport network was 
created, over which car and bicycle users can be simulated at the same time. The second part is a type of combined modal 
split-assignment model, with its input coming from a global matrix (car and bicycle trips). A Multinomial Logit model for 
modal split and network assignment models will follow an iterative process to provide the final OD matrices and service 
variables for each mode of transport. After the definition and validation of the multimodal model, the third part, an 
optimization model, has been developed, based on bi-level mathematical programming. The objective is to optimize the 
location of a system of public bicycle docking stations. A combination of the different optimization criteria and problem 
reduction strategies has been applied to the real scenario of Santander city (Spain). It has been possible to perform a 
comparative analysis of the current situation, versus the model’s proposal, getting results helpful to the relevant decision-
making entities. 
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Modeling the mobility of an urban or intercity area is a frequent topic in international transportation literature; 
sometimes considering just private transport users (the mode that historically has been studied the most), and 
other times including different motorized transport modes, both private and public (buses). 
However, it is difficult to find a model that simultaneously considers private transport and the bicycle mode, 
taking into account the interactions between the two modes through the modeling of the modal split, and the 
assignment of the different trips to the network. 
Stinson and Bhat (2003) study the factors that affect route choice for cyclists, divided into two groups: link 
related factors and path related factors. Another factor to consider is the effect of slope on speed and acceleration 
of cyclists (Parkin and Rotheram, 2010). Broach et al. (2009) consider total bicycle trip length a relevant factor. 
Of all these factors, travel time and traffic volume are the most important ones for cyclists’ route choice (Sener et 
al., 2009). Traffic volume and proximity between bicycle infrastructures and motorized traffic are directly related 
with perceived security and cyclist’s comfort. On the other hand, there are studies that state that an increase in 
available bicycle infrastructures will cause a rise in the number of cyclists, e.g.: if more bicycle lanes are built, 
the population will use them (Dill and Carr, 2003). The reason for this is that the presence of a bike lane can 
augment a cyclist’s perceived security. 
There are different models of bicycle route choice. Broach et al. (2009) propose a Logit model of route choice 
and revealed preferences based on the GPS data obtained from 162 cyclists over several days, resulting in a 
bicycle network model. 
Once the public bicycle system has been implanted, it has to be managed, making sure that there always are 
available bicycles at the docking stations. Froehlich et al. (2008) carried out a space-time analysis over 6 weeks 
following the movement of bicycles in Barcelona, and found that the resulting data could be used to describe 
daily routines, cultural influences and the role of time and space in city dynamics. Jensen et al. (2010) analyzed 
11 million bicycle journeys in the city of Lyon, France. The analyzed data shows that bicycles can compete with 
cars in terms of speed in the center of Lyon. They also provided bicycle flow data which can be used for planning 
bike lanes and other facilities. 
There is a small amount of international literature on the subject of simultaneously addressing private traffic 
and public bike, in a way that reflects user’s behavior when choosing between the two available modes of 
transport. Therefore, the development of a tool to optimize public bicycle systems that takes into account the 
interaction with other modes is an interesting research objective. 
This article firstly presents a bi-level mathematical programming model, which is used to optimize the 
location of public bicycle docking stations. Its lower level is a modal split and assignment model capable of 
jointly simulate private transport and bicycle modes, considering the interactions between them (Romero, 2012). 
Secondly, the models so developed are applied to the real case of Santander city, determining the optimum 
location of public bicycle docking stations, and associated social cost. The article ends with a section that 
enumerates the most important conclusions reached. 
2. Methodology 
The outlined problem’s structure perfectly satisfies the requirements of a bi-level mathematical programming 
model (Bard, 1998).  
Bi-level programming constitutes one of the most important areas of overall system optimization. Currently 
there are countless problems associated with practical applications that take advantage of their own structural 
hierarchy to outline and solve formulations through bi-level programming. At the upper level, costs (social, 
economic, environmental, etc.) deriving from the operator’s policy are minimized, while the lower level 
characterizes the behavior of the users of the transport system. 
A more comprehensive understanding can be found by simultaneously looking at two points of view: on one 
hand, the logical extension of the mathematical programming and, on the other hand, the generalization of a 
648   Juan P. Romero et al. /  Procedia - Social and Behavioral Sciences  54 ( 2012 )  646 – 655 
problem specific to game theory, such as a Stackelberg game (Stackelberg, 1952). In a Stackelberg competition 
there is a special player known as the leader, who knows how the other players will react to his strategy. The 
other players are known as followers. The leader can choose his strategy from a certain group, independently of 
the strategies of his followers, but each follower can only choose a strategy from a set defined by the choice made 
by the leader. A follower’s strategy depends on the leader's strategy, and his usefulness also depends as much on 
the strategies of the other followers as on that of the leader. 
Various problems in the field of transport planning can be formulated using a Stackelberg equilibrium 
problem, because their hierarchical structure is suited to reflecting the decision making process. The system 
operators (leaders) plan or design the transport system, keeping in mind the behavior of the users (followers) in 
response to their decisions about management policy or investment. Some applications described in the literature 
that have been modeled using bi-level programming are presented below: 
• Application to network design, where this type of model is defined to use the traffic assignment problem, 
TAP, at the lower level. For this type of linear bi-level programming, there are applications in Ben-Ayed et al. 
(1992) and dell’Olio et al. (2006); network design applications bearing the effect of congestion on the 
network, as in Marcotte (1986); various algorithms and heuristic implementations such as those in Marcotte 
and Marquis (1992) and non-linear bi-level programming, as in Suh and Kim (1992). 
• Another common application is the problem of estimating demand, as in Florian and Chem (1991) and in Kim 
(2001), where bi-level programming is presented to estimate the O-D matrix with traffic counts for some 
links. These models use traffic volume data, including more economic information, as opposed to the 
expensive home survey.  
• The problem of space localization is another frequent application of the bi-level programming. In Miller, 
Friesz and Tobin (1992) heuristic algorithms are presented for localization problems. 
 
In our case, the leader is the public bicycle network planner/manager; and the followers are car and bicycle 
mode users, who modify their behavior (route and mode choice) based on the characteristics of each mode of 
transport. In the upper level, a genetic algorithm will search for the distribution of a given number of docking 
stations that maximizes the number of bicycle users. The lower level firstly readies the network where cars and 
bicycles will be simultaneously simulated, and then resolves the iterative modal split and network assignment 
model. 
This optimization model is applied to the particular problem of determining the optimum number and 
placement of public bicycle docking stations, but other variables, such as bicycle lanes, could be analyzed. 
The flowchart (figure 1) shows the process utilized to search for the optimum location for docking stations. 
 
• End criteria met: the program will stop if a previously set number of generations is reached, or if a 
generation’s population is uniform. Afterwards, it is possible to continue the procedure, starting from the last 
generation previously processed. 
• Create a new generation: a new generation is created, with the following criteria: 
• The fittest individual is always one of the descendants (elitism) 
• To create the rest of the population, parents are chosen by Roulette Wheel selection: each member of the 
old generation has a chance to be chosen proportional to its fitness score, which depends on its raw score 
through a linear scaling function characterized by its parameter “C”, which indicates the ratio between the 
fittest individual’s fitness score and that generation’s mean fitness score. A value of 1.2 was adopted for 
“C”, which helps to avoid a premature convergence by applying a low evolutionary pressure. 
• Once all parents have been selected; the crossover rate specifies how many of them breed sons and 
daughters combining their chromosomes, and how many pass directly to the new generation. It should be 
high enough to avoid stagnation, and low enough to give promising individuals a good chance to pass to 
the next generation. The most common rates recommended by GA literature vary from 50% to 95% 
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(Grefenstette, 1986). We have adopted a crossover rate of 90%. 
• Other values for the parameter C and the crossover rate have been tested, resulting in worse solutions 
and/or longer computation times. 
• Mutate offspring: Next generation’s chromosomes, except the one selected by the elitism method, have a 
small chance of mutating. This is implemented by assigning a very small chance for every gene with a value 
of “1” to be moved to a random, valid position that at the time holds a value of “0”. 
 
Translate the chromosome to a list of the 
nodes where a docking station will be placed
Prepare the appropriate connectors
Initialize the connectors
Solve the current case, using the CLT model 
Return the result (number of bicycle users)
Initial link types
(slope)
Initial modal split
Car assignment
Bicycle assignment
New modal split
End
Change link types
(car volume)
End
criteria
met?
No
Yes
Creation of the first generation
Evaluation of each chromosome
End
Mutate offspring
Create a new generation
Maximum number of 
generations or end 
criteria met?
Yes
No
 
Figure 1. Solution search flowchart 
3. Aplication 
The methodology presented has been applied to a real case: the city of Santander, Spain. It is a medium-sized 
city, with approximately 180,000 inhabitants, located on the north coast of the Iberian Peninsula. The city lies on 
a hilly peninsula particularly rough along its southern side; it is characterized by a lineal structure, with a highly 
developed commercial town center and various residential areas on the outskirts, with varying population density. 
Most of the workforce is employed in the service sector (76%), followed by industry (12.9%), and construction 
(9.8%).  
When applying the methodology described in the previous section, to achieve an optimum performance for the 
genetic algorithm, its different methods (generation, crossover, mutation) take into account the singularities of the 
problem, reducing the number of cases to study, thus accomplishing a faster convergence. Four different 
strategies to attain this goal follow: 
3.1. General model 
Due to the great number of nodes Santander city’s network has, a module to reduce how many nodes are 
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considered as candidates to contain a docking station is formulated. Only the nodes that comply with at least one 
of the following conditions will be contemplated: 
1. Walking time from the node to at least one zone should be less than a given value: this condition prevents 
us from considering as candidates nodes that, due to how long it takes users to walk to/from them, will not 
be worthwhile. 
2. The node is the closest one to one or more zones: this condition makes sure that the node that would 
probably give the best service to a zone, even if it is too far away to be selected due to the previous 
condition, will always be a candidate. 
Once the list with all candidate nodes has been completed, it is sorted by its node number. The genome which 
represents a possible solution will be an equal length list, in which each position (each gene) informs if its 
corresponding node has a docking station (“1”) or not (“0”). 
All the other strategies shown below also apply this one. 
 
3.2. Incompatible nodes model 
To further decrease the search space, without ruling out the optimum solution we are aiming for, the program 
will not consider those scenarios that have docking stations closer than a given distance. 
3.3. Network discretization model 
Instead of considering each node as a candidate, a grid that covers the entire network is created. Only one 
node from each cell will be considered: the one closest to the center of mass of the nodes inside that cell. This 
way, by reducing the number of candidate nodes, the time needed to solve the optimization problem decreases. 
The smaller the area of the cells we use, the greater the number of candidate nodes will be; exchanging more 
computing time, for more precision in the location of the docking stations that the program returns as solution. 
Anyhow, it should be noted that in real scenarios, only an approximate location is needed; the precise location of 
each docking station should be chosen with a micro-simulation study. 
3.4. Combined model 
This method combines the reduction of the number of candidate nodes achieved by using a discretization grid, 
with the restriction that two docking stations cannot be closer than a given distance. 
The figure 2 shows a comparison of the different models, comparing the solutions they return, and how much 
time they spend to reach them. 
Once it had become clear that the combined model was the most efficient one, a study to find out a good 
population size for Santander was performed. 
To carry this study out, several population sizes were tried to solve the same problem (same number of 
docking stations to place).  The conclusion was that population sizes smaller than N (with N being the number of 
candidate nodes selected by the combined model, 344) do not return good solutions. Populations between N and 
2ÂN grant progressively better results, at the cost of longer computing times. 
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Figure 2. Comparison of candidate nodes choosing strategies 
 
 
 
Figure 3. Solving the same bi-level programming problem, using different population in the outer Genetic Algorithm 
 
With a population value of 344 individuals, an exploratory search is performed. The number of docking 
stations “D”, initially “D0”, is increased and decreased, obtaining each time the distribution of docking stations 
that maximizes the number of bicycle users, and its social cost. 
In the case of Santander city, considering its population (180.000 inhabitants) and area (35 Km2), and 
comparing these values with similar cities, D’s optimum value is estimated to be between 20 and 30 docking 
stations. 
Solving the same bi-level problem, using different population sizes in the outer Genetic Algorithm
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Figure 4. Best bicycle users ratio, for different number of docking stations 
 
During a rush hour in 2009, the observed public bycicle mode share was 1.05%, very close to the value 
returned by the CLT model (Romero, 2012) for that scenario: 1.17%. If an equal number of docking stations 
(sixteen) were to be placed at the locations suggested by the bilevel mathematical programming model, public 
bycicle mode share predicted by the CLT model would increase to 3.15%. 
We have maximized, fixing a different number of docking stations each time, the number of bicycle users; 
reaching a value of almost 5% of total users for a large enough number of docking stations. This cannot be our 
ultimate goal, because the number of bicycle users increases monotonically with the number of docking stations. 
Also, as shown in figure 4, the greater the number of docking stations is, the smaller the yield of a further 
increase will be. Thus, we will choose as the optimal solution the one that has the minimum social cost, 
calculated as follows: 
BkCBk CopCuCuMin ++:  
TABTTBCu TABTTBBk ⋅+⋅= ϕϕ  
eeBk CUNCop ⋅=  
TCTTCu TCTTC ⋅= ϕ  
 Where: 
TTB: Total bicycle travel time. 
TAB: Total bicycle access and egress time. 
TTBϕ : Bicycle travel time worth. 
TABϕ : Bicycle access time worth. 
Ne: Number of docking stations. 
CUe: Per-station cost. 
TCTT: Total car travel time. 
TCTTϕ : Car travel time worth. 
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Number of docking stations   - % Bicycle users   - Social costs
 
Figure 5. Number of docking stations - % Bicycle users – Social costs 
 
Figure 6. Solution for the optiimum location of the docking stations 
As shown in figure 5, the minimum social cost is attained by optimally placing 24 docking stations, which 
results in a public bicycle mode share of 4.11%. A greater number of optimally located docking stations would be 
a worse solution because, even though it would yield more bicycle users, it would be less beneficial for society as 
a whole. The optimal solution is obtained for 24 docking stations, placed as shown in figure 6: 
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4. Conclusions 
A bi-level mathematical programming model that optimizes public bicycle docking stations location with a 
genetic algorithm has been presented. Its lower level is a modal split and assignment model, capable of reflection 
the interactions between car and bicycle mode. The model has been developed, tested, and applied to a real case. 
Docking stations location is important to encourage public bicycle use. Longer access times from zones to 
docking stations makes public bicycle mode uncompetitive against car mode. 
It has been verified that the time-reducing strategies applied to the genetic algorithm methods are valid, 
because the program returns similar solutions, with great computing time savings. 
The model has been able to replicate the behavior of the public bicycle system in the real case of Santander 
city. 
During planning, an optimal placement of docking stations, using our bi-level programming model, can 
greatly increase the number of people who are encouraged to switch to public bicycle. 
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